Objectives: Apolipoprotein E (APOE) ɛ4 and Clusterin (CLU) C alleles are risk factors for Alzheimer's disease (AD) and episodic memory (EM) decline. Memory resilience occurs when genetically at-risk adults perform at high and sustained levels. We investigated whether (a) memory resilience to AD genetic risk is predicted by biological and other risk markers and (b) the prediction profiles vary by sex and AD risk variant. Method: Using a longitudinal sample of nondemented adults (n = 642, aged 53-95) we focused on memory resilience (over 9 years) to 2 AD risk variants (APOE, CLU). Growth mixture models classified resilience. Random forest analysis, stratified by sex, tested the predictive importance of 22 nongenetic risk factors from 5 domains (n = 24-112). Results: For both sexes, younger age, higher education, stronger grip, and everyday novel cognitive activity predicted memory resilience. For women, 9 factors from functional, health, mobility, and lifestyle domains were also predictive. For men, only fewer depressive symptoms was an additional important predictor. The prediction profiles were similar for APOE and CLU. Discussion: Although several factors predicted resilience in both sexes, a greater number applied only to women. Sexspecific mechanisms and intervention targets are implied.
Two Alzheimer's disease (AD) risk genes, Apolipoprotein E (APOE) and Clusterin (CLU) , are associated with nonpathological and preclinical cognitive decline in older adults (Schiepers et al., 2012; Thambisetty et al., 2013) . However, sporadic AD is a multifactorial neurodegenerative condition and not all genetic risk carriers convert to clinical diagnosis. In fact, some at-risk older adults maintain relatively high levels of cognitive performance into late life (Josefsson, de Luna, Pudas, Nilsson, & Nyberg, 2012; Kaup et al., 2015) . This phenomenon of cognitive resilience may be influenced and predicted by other factors that contribute to brain and cognitive risk reduction or exacerbation. Candidates for such factors may be found among key domains of AD risk and protection. These include markers from biological, functional, health, environmental, lifestyle, and demographic domains, as discovered in neuro-epidemiological research (Anstey et al., 2014) . Determining the factors that predict or support cognitive resilience in at-risk older adults will help identify the mechanisms and pathways that can lead to differential neurocognitive outcomes (Ferrari et al., 2013; Kaup et al., 2015) . Given that genetic risk factors are considered nonmodifiable, identifying modifiable characteristics associated with cognitive resilience may point to intervention targets that could promote cognitive maintenance, extend functional independence, and delay neurodegenerative impairment in older adults (Anstey, Eramudugolla, Hosking, Lautenschlager, & Dixon, 2015) .
Episodic memory (EM) is a sensitive indicator of the neurobiological outcomes of typical aging, producing differential aging changes (as it is associated with aging risk and protective factors) and showing exacerbated decline in mild cognitive impairment (MCI) and AD (Josefsson et al., 2012) . We define memory resilience as EM performance that is relatively high and is maintained over time despite the presence of specified AD risk alleles. When examined, sex differences in EM performance often appear to favor older women (Herlitz & Rehnman, 2008; Jack et al., 2015) . However, AD differentially affects women as a function of neurobiological mechanisms that are beginning to be understood. Manifestations of these mechanisms include earlier onset of pathogenic brain changes and steeper trajectories of aging decline (Zhao, Mao, Woody, & Brinton, 2016) . In addition, the prominent genetic risk factor APOE may confer differentially higher risk for AD conversion to women (Altmann, Tian, Henderson, & Greicius, 2014) . Clearly, examining sex differences in resilience to AD genetic risk in nondemented older adults may have implications for potentially timely interventions to delay or reduce risk for neurodegenerative disease.
The APOE (rs429358) ɛ4 allele is the strongest known genetic risk factor for late-onset AD and is associated with cognitive decline in normal aging (Liu, Kanekiyo, Xu, & Bu, 2013; Schiepers et al., 2012) and MCI . A related genetic risk factor in a single nucleotide polymorphism within the CLU gene (rs11136000) is also significantly associated with AD (Carrasquillo et al., 2010; Harold et al., 2009) . For CLU, the major C allele increases the risk of AD and is associated with steeper memory decline in cognitively normal, presymptomatic individuals that later progress to MCI (Thambisetty et al., 2013) . Both APOE and CLU risk alleles negatively influence EM in normal aging (Braskie et al., 2011; Erk et al., 2011; McFall et al., 2015; Schiepers et al., 2012) . The multifunctional proteins encoded by APOE and CLU (apolipoprotein E and apolipoprotein J, respectively) are related apolipoproteins involved in maintaining healthy brain function and may influence cognitive and EM decline through increased AD pathology and neuronal loss (Elliott, Weickert, & Garner, 2010) .
This study investigated whether memory resilience to the APOE ɛ4 allele and CLU CC genotype is predicted by epidemiologically indicated dementia risk factors and whether the predictors differ by sex but are similar across these two genetic variants. We began by differentiating participants as memory resilient or nonresilient to APOE and CLU based on 9-year longitudinal EM latent variable trajectories. We then examined two research goals. Research goal 1 was to investigate sex differences in predictors of resilience in terms of (a) specific risk factors from five nongenetic domains and (b) relative importance of prediction. Research goal 2 was to compare the generalizability of prediction profiles across APOE-and CLU-based resilience classification. We hypothesized that factors predictive of resilience to AD genetic risk would differ between women and men. Furthermore, we expected generalizability of sex-specific differences across the two genes given their mechanistic similarities. Based on previous aging, dementia, and epidemiological research, we identified a pool of predictors derived from demographic, functional, health, mobility, and lifestyle domains (Anstey et al., 2015; Josefsson et al., 2012) . Two recent studies that investigated general cognitive resilience associated with the APOE ɛ4 allele informed our approach. One team (Ferrari et al., 2013) found that education, leisure activities, and vascular health were associated with reduced dementia risk in APOE ɛ4 carriers. A second team (Kaup et al., 2015) reported that cognitive resilience (indicated by sustained global cognition scores for APOE risk carriers) was predicted differentially for White and Black participants. Both studies examined multiple predictors of resilience to the Alzheimer's genetic risk allele APOE ɛ4. The present study focuses on memory resilience to two AD genetic risk variants and tests the extent to which there are similarities and differences across the sexes.
Method

Participants
Participants were community-dwelling older adult volunteers of the Victoria Longitudinal Study (VLS), an ongoing, multicohort, longitudinal-sequential study of genetic, biomedical, cognitive, biological, lifestyle, and neuropsychological aspects of human aging. All participants provided written informed consent and all data collection procedures were in full and certified compliance with human research ethics. The VLS includes multiple samples, three of which recruited healthy middle-aged to older adults (53-85 years) at intake and followed them at regular intervals (Dixon & de Frias, 2004) . The source sample for the present study is a group of active and continuing nondemented participants who were genotyped in 2009-2010. This VLS genetic cohort (n = 695; 67.2% women; mean age = 70.6 years; range, 53-95; primarily White, non-Hispanic) has accumulated up to three waves (9 years) of data (collected at 0, 4.5, and 9 years). With these data, an accelerated longitudinal design covers a 40-year band of aging. We applied the following exclusionary criteria to this source sample (n = 53 excluded): (a) EM data missing from all three waves, (b) reported diagnosis of AD or dementia, (c) self-reported history of very serious head injury, epilepsy, or encephalitis, and (d) self-reported history of moderate-to-severe Parkinson's disease or severe stroke. As with previous research (Kaup et al., 2015) , our limited exclusionary criteria allowed for a diverse study sample that was fully genotyped (n = 642 adults; 66.4% women; mean age = 70.7 years; range, 53-95). Like prior VLS research (McFall et al., 2015) , the subsample wave-to-wave retention rates ranged from 80% to 90%. In this study, the longitudinal design was used to develop memory trajectories for resilience classification.
DNA Extraction, Genotyping, and Genetic Risk Classification
Saliva samples for genotyping were collected and prepared according to Oragene DNA Genotek technology and protocol. DNA extraction and genotyping procedures are detailed elsewhere (McFall et al., 2013) . Both APOE (χ 2 = 0.46, p = .496) and CLU (χ 2 = 0.51, p = .475) allelic frequencies satisfied Hardy-Weinberg equilibrium. For classification of APOE risk, the sample was divided into APOE ɛ4− (ɛ2ɛ2, ɛ2ɛ3, ɛ3ɛ3; n = 463) and ɛ4+ (ɛ2ɛ4, ɛ3ɛ4, ɛ4ɛ4; n = 179). For CLU, the genotype distribution was: TT (n = 105), TC (n = 320), and CC (n = 216). One participant did not have their CLU genotype successfully extracted. Given that the risk conferred by the CLU C allele (odds ratio [OR] = 1.14) is quite low compared with the ɛ4 allele (OR = 3.81; Adams et al., 2015; Bertram, McQueen, Mullin, Blacker, & Tanzi, 2007) , classification of resilience to CLU risk required the CC genotype.
Twenty-Two Predictors From Five Risk Domains
Demographic factors were collected at baseline and included participants' (a) age (in years), (b) education (total years), (c) marital status (married vs not), (d) living status (living with someone vs not), and (e) pet ownership (yes or no).
Functional biomarkers included baseline (a) pulse pressure (PP; equals systolic blood pressure (BP)-diastolic BP, in mmHg) based on an average of eight BP readings, (b) peak expiratory flow (PEF; largest volume of air expired over three attempts, in litres/minute), (c) grip strength (average hand strength, in kilograms/force), and (d) body mass index (BMI; equals weight/height 2 , in kilograms/meters 2 ). Health domain factors were self-reported (a) overall health (relative to perfect state) on a 5-point Likert scale (from very good = 1 to very poor = 5), (b) depressive symptoms (Center for Epidemiologic Studies Depression Scale [CES-D]), (c) type 2 diabetes (presence, absence), (d) antiinflammatory (e.g., arthritis) medication (current), (e) statin use (current), and (f) head injury history (diagnosed by a medical practitioner and self-reported as not serious or moderately serious).
Mobility measures included baseline (a) timed turn (360 degree turn, in seconds) and (b) timed walk (20 feet, in seconds).
Lifestyle domain factors were (a) current alcohol use (yes or no), (b) everyday physical activity (based on n = 4 self-report questions), (c) everyday novel cognitive activity (n = 27), (d) social visits (n = 1), and (e) volunteer frequency (n = 1). These variables (b-e) are from the VLS Activity Lifestyle Questionnaire (Runge, Small, McFall, & Dixon, 2014) which uses a nine-point scale to rate frequency of participation (from never = 0 to daily = 8; e.g., maximum score for physical activity is 32). We originally included current smoking status (smoker or nonsmoker), but it was excluded from the final list due to insufficient participant rates.
Statistical Analyses
Resilience classification EM was assessed with two standard tests (McFall et al., 2015) , producing three measures: word recall, Rey Auditory Verbal Learning Test (RAVLT) free recall, and RAVLT recall after interference. The EM latent variable was established in Mplus 7 (Muthén & Muthén, 1998 -2012 then evaluated and confirmed for measurement invariance and latent growth model. See Supplementary material for further description.
We employed growth mixture modeling (GMM) on EM data stratified by sex, with education as a covariate. By introducing a latent categorical variable for "class," GMM allows for the post hoc classification of individual EM trajectories based on memory performance level and change with the underlying assumption that each individual belongs to a latent class (Jung & Wickrama, 2008; Ram & Grimm, 2009 ). We used standard procedures to test 1-to 3-class GMM models. Given the sample size restrictions, we expected to differentiate a relatively higher-performing group of women and men by having the 2-or 3-class solution outperform the 1-class model. The empirical results of GMM defined resilient and nonresilient groups on the basis of level and slope of the EM latent variable. See Supplementary material for more information about model assessment and selection. Notably, chronological age (not wave) was the metric of longitudinal change. This procedure accounts for variability associated with age as if it were a covariate.
Sex differences and genetic comparisons in predictors of resilience
Random forest analysis (RFA; Kuhn & Johnson, 2013) , stratified by sex, was used to test which of the 22 factors were the most important predictors of resilience. RFA (in R 3.2.3.; R Development Core Team, 2015) is a multivariate data exploration technique that combines the predictions of many single classification and regression trees each of which is based on a random sample of participants and prediction variables. Compared with single trees, random forests exhibit much greater model stability and prediction accuracy (Strobl, Malley, & Tutz, 2009 ). We selected RFA over logistic regression for five main reasons: (a) given our sample sizes, it was the best option to test all 22 predictors of interest in single models, (b) although correlations between variables were small in number and magnitude (Supplementary Tables S1 and S2 ), we could adjust our model parameters to obtain completely unbiased predictors (e.g., to account for the correlation between walking and turning time), (c) we sought a relative ranking of important predictors, (d) RFA adapts to sparsity-convergence depends on the number of strong features, not how many noise variables are present (Biau, 2012) , and (e) RFA produces a very conservative estimate of its predictive ability (out-of-bag error rate, see Supplementary material).
RFA robustly copes with large numbers of predictor variables and restricting the number of variables used in each tree can reveal important predictors that would have otherwise been overshadowed by a stronger competitor (Strobl et al., 2009) . Final results are combined across all trees to rank relative variable importance. Although missing predictor data were minimal (<1%), we imputed missing values using the missForest package (Stekhoven & Bühlmann, 2012; Waljee et al., 2013) and balanced the datasets using the Synthetic Minority Over-sampling Technique (SMOTE) operation in the DMwR package (Chawla, Bowyer, Hall, & Kegelmeyer, 2002; Torgo, 2010; Supplementary Table S3 ). Categorical variables with too few cases in the minority cell (i.e., <10%) for each sex × genetic risk group were eliminated for a specific analysis (n = 5; i.e., diabetes status for female APOE ɛ4 carriers; arthritis medication for both male genetic risk groups; head injury for male ɛ4 carriers; and alcohol use for men with the CLU CC genotype).
We conducted RFA using the Party package (Hothorn, Buehlmann, Dudoit, Molinaro, & Van Der Laan, 2006) in R 3.2.3. Our forest consisted of ntree = 5,000 trees (sufficient for good model stability) and at each potential split we evaluated a random sample of mtry = 5 predictors. Model strength was reported as the area under the receiver operating characteristic curve (C statistic). We used "permutation accuracy importance" to define relative variable importance. Briefly, prediction accuracy is compared before and after the variable's permutation which can give high importance scores to variables involved in complex interactions that would have otherwise gone unnoticed (Strobl et al., 2009 ). In addition, the importance measure is unbiased (considers continuous and categorical variables equally) and conditional (accounts for correlations between variables). Those variables with negative, zero, or small positive values (left of the dotted line) are not important predictors of resilience. Variables beyond this range (right of the dotted line) are informative and interpreted with a descriptive ranking of relative importance (Strobl et al., 2009) .
Results
Resilience Classification
GMM analyses revealed that, for both women and men, the two-class model fit the data best (Supplementary Table S4 ). Each two-class model consisted of a class of participants characterized by (a) higher baseline performance (level; M I ) and stable trajectory (slope; M S ) of EM scores over time (hereafter defined as "higher-performing") and (b) lower baseline performance and declining trajectory of EM scores (hereafter defined as "lower-performing"; Figure 1 ). Higher-performing Table S5) . Participants were classified as memory resilient if they were in the higher-performing class and had either (a) the APOE ε4 allele (i.e., APOE-based memory resilience; n = 76 women, n = 34 men) or (b) the CLU CC genotype (i.e., CLU-based memory resilience; n = 112 women, n = 24 men). Nonresilient participants carried the specified AD genetic risk variant but were included in the lower-performing class (APOE: n = 43 women, n = 26 men; CLU: n = 41 women, n = 39 men).
Investigate Sex Differences in Predictors of Resilience
Descriptive sex differences Significant sex differences for level of performance or response were observed for multiple factors across all five risk domains (Supplementary Table S6 ).
The sample sizes for each sex × genetic risk before and after SMOTE are presented in Supplementary Table S3 . As indicated, RFA model C-statistics improved for all models following SMOTE (showing good to very good classification performance: 0.77-0.91) and we proceeded to use the balanced models as recommended (Torgo, 2010) .
Prediction analyses for APOE-based resilience groups
As can be seen in Figure 2 (Supplementary Tables S7 and S8) , we observed four predictors that were common for men and women. The demographic variables age and education emerged within the top three overall most important predictors of resilience in both sexes. From the functional biomarker domain, grip strength was an important predictor of resilience. From the lifestyle domain, everyday novel cognitive activity was a top predictor of resilience for both sexes. Predictors of resilience specific to women arose from the demographic (i.e., living status and marital status), functional biomarker (i.e., PEF and PP), health (i.e., subjective health), mobility (i.e., timed turn and timed walk), and lifestyle (i.e., volunteering and social visits) domains. Men had one unique predictor of resilience from the health domain (i.e., depressive symptoms as indicated by CES-D score).
Prediction analyses for CLU-based resilience groups
As can be seen in Figure 3 (Supplementary Tables S9 and  S10) , we observed six predictors for both men and women. The demographic variables age and education predicted resilience for both sexes. Both factors were of high importance, with the exception of age in women which was lower in the prediction hierarchy. One functional biomarker (grip strength) and three lifestyle characteristics (everyday cognitive activity, volunteering, and social visits) predicted resilience in both sexes. However, for both volunteering and social visits, more participation in these social activities predicted resilience in women whereas less participation predicted resilience in men. Predictors of resilience specific to women arose from the demographic (i.e., marital status and living status), functional biomarker (i.e., PP, PEF, and BMI), health (i.e., subjective health and arthritis medication), mobility (i.e., timed walk and timed turn), and lifestyle (i.e., current alcohol use) domains. Men had two unique predictors of resilience from the demographic (i.e., pet ownership) and health (i.e., CES-D score) domains.
Generalizability of Predictors of Resilience Across Genes
Among women, 18 (85.7%) of the 21 predictors tested in both risk groups were genetically robust in terms of location in the importance hierarchy. Specifically, 13 factors were reported as important predictors of both APOE-and CLU-based resilience and five factors were not important for both analyses. The 13 important and genetically robust predictors derived from all five domains: demographic (i.e., age, education, marital status, and living status), functional biomarker (i.e., PP, PEF, and grip strength), health (i.e., subjective health), mobility (i.e., turning time and walking time), and lifestyle (i.e., everyday cognitive activity, social visits, and volunteering). The remaining three factors were important predictors of resilience to only one risk status (i.e., were not genetically robust) and arose from functional biomarker (i.e., BMI), health (i.e., arthritis medication), and lifestyle (i.e., current alcohol use) domains.
Among men, 16 (84.2%) of the 19 predictors tested in both risk groups were genetically robust. Specifically, five factors were reported as important predictors of both APOE-and CLU-based resilience and 11 factors were unimportant. The important and genetically robust predictors arose from demographic (i.e., age and education), functional biomarker (i.e., grip strength), health (i.e., CES-D score), and lifestyle (i.e., everyday cognitive activity) domains. The remaining three factors were important predictors of resilience to only one risk status (i.e., were not genetically robust) and arose from demographic (i.e., pet ownership) and lifestyle (i.e., social visits and volunteering) domains.
Additional RFA and Logistic Regression
We ran two additional sets of RFA to supplement and check our main results. First, we re-computed the APOE RFA following the exclusion of participants with the ɛ2ɛ4 genotype to rule out bias given their potential for decreased risk.
Second, we re-computed the female analyses after downsampling the majority class to more closely resemble the male sample sizes. This permitted us to determine if differences in sample size substantially influenced the observed sex prediction effects. In both cases, the conformational RFA results were very similar to those from our original analyses (Supplementary material). Additionally, we performed logistic regression analyses with the top five predictors of resilience identified by the RFAs for each sex × risk variant group. Although similar, these results were not as complete or sensitive. For women, (a) age was a significant predictor of APOE-based resilience and (b) education, subjective health, and pulse pressure were significant predictors of CLU-based resilience. For men, age and education were significant predictors of both APOE-and CLU-based resilience.
Discussion
Our main objective was to determine which predictors of memory resilience to two AD genetic risk variants (APOE ɛ4 and CLU CC) are sex-similar, sex-specific, and genetically robust in nondemented aging adults. Research goal 1 was to investigate predictors of resilience as stratified by sex. We found several similarities in predictors of resilience but also (a) numerous factors from all five domains that differentially predicted resilience in women and (b) relatively few unique factors from the demographic and health domains that predicted resilience in men. Research goal 2 was to check the generalizability of predictions within APOE-and CLU-based resilience. For both sexes, approximately 85% of the predictors tested were genetically robust in terms of observed importance of prediction.
Within the demographic domain, younger age and higher education emerged as (a) important predictors of resilience across both sexes and (b) genetically robust. Our design (with a 40-year band of aging) permitted a strong test of chronological age predictions within an older adult sample. We found that younger age strongly predicted memory resilience. Correspondingly, older age is both a strong risk factor for AD and associated with AD pathology in nondemented ɛ4 carriers. In contrast, a recent study reported that older age was an important predictor of global cognitive resilience to the APOE ɛ4 allele in White but not Black older adults (Kaup et al., 2015) . Conceivably, EM trajectories may be more systematically distributed and sensitive to subtle age changes within a broad band of aging. Notably, both studies found that higher educational attainment was strongly predictive of cognitive resilience to the APOE ɛ4 allele (Kaup et al., 2015) . Education may promote resilience to APOE and CLU genetic risk variants by enhancing cognitive reserve (Josefsson et al., 2012; Schneeweis, Skirbekk, & Winter-Ebmer, 2014) . Furthermore, higher education can protect against memory decline by counteracting negative effects of APOE ɛ4 (Arenaza- Urquijo et al., 2015) . Two additional demographic factors-being married and living with someone-were genetically robust predictors of resilience in women. Above-average global cognition and EM ability have both been associated with living with someone (Josefsson et al., 2012; Yaffe et al., 2009) . Such measures may be more salient for females because, on average, they outlive males. Finally, pet ownership predicted CLU-based memory resilience, possibly by encouraging physical, cognitive, and social activity (Cherniack & Cherniack, 2014) .
Functional biomarkers are a useful measure of physiological functioning, are impacted by age, and have been associated with cognitive decline (DeCarlo, Tuokko, Williams, . Stronger grip strength emerged as a genetically robust predictor of resilience across both sexes. Sarcopenia and declines in grip strength have been associated with cognitive impairment (Hsu et al., 2014) . The relationship between cognition and fine muscle strength suggests that (a) grip strength is a useful and simple biomarker of cognitive performance or change and (b) interventions involving strength training may be associated with sustained memory performance in at-risk older adults, possibly in conjunction with cardiovascular physical activity. The remaining functional biomarkers emerged as important predictors of resilience specifically in women; lower PP and higher PEF were genetically robust predictors of resilience whereas lower BMI was specific to CLU-based resilience. Higher values of PP (indicating worse vascular health) increase the risk of (a) EM decrements in aging APOE ɛ4 carriers (McFall et al., 2015) and (b) cognitive impairment in nondemented older women (Yasar, Ko, Nothelle, Mielke, & Carlson, 2011) . Maintaining good vascular health may promote resilience by (a) preventing negative effects of hypertension, such as cerebral vascular damage and mini-infarcts (Cooper et al., 2016) , (b) enhancing cognitive reserve, and (c) reducing AD-related pathophysiology (Nation et al., 2013) . Although our PEF results are specific to women, a recent study found that respiratory training improves cognitive function in the elderly, possibly by promoting better blood oxygenation and cerebral function, although the exact mechanisms are still unclear (Ferreira, Tanaka, Santos-Galduróz, & Galduróz, 2015) . Women carrying AD genetic risk may benefit more than men from efforts to improve or maintain their physiological health status, including interventions that target combined improvement in vascular and lung health (e.g., physical exercise).
Few of the health factors were important predictors of memory resilience. For women, (a) better subjective health rating was a genetically robust predictor of resilience and (b) not having arthritis (i.e., not taking anti-inflammatory medication) predicted CLU-based resilience. Resilient women appear to be accurately aware of their relatively good health status (as indicated objectively by the biomarkers). For men, a lower CES-D score (i.e., fewer depressive symptoms) was a genetically robust predictor of memory resilience. Depression affects cognitive performance and may be a preventable risk factor for dementia (Wang & Blazer, 2015) . It is also associated with the APOE ɛ4 allele (Geda et al., 2006) and increased plasma apolipoprotein J levels (Silajdzic, Minthon, Bjorkqvist, & Hansson, 2012) . Depressive symptoms may arise as a result of brain hyperintensities, which can influence mood through a variety of pathways including effects on cognitive and physical ability (Murray et al., 2016) .
For women, both mobility factors (i.e., walking and turning time) were important predictors of memory resilience robustly across genetic variants. Because physical fitness influences neuromuscular systems, performance on mobility tasks that assess gait speed and balance may reflect physical health (Laudani et al., 2013) . Correspondingly, our mobility performance measures may relate to our functional biomarker results which also showed sex-specificity in predicting resilience. Actively maintaining physical health benefits cognition through direct biological mechanisms such as angiogenesis and neurogenesis (Bherer, Erickson, & Liu-Ambrose, 2013; Nokia et al., 2016) .
From the lifestyle domain, greater participation in everyday novel cognitive activity was an important and genetically robust predictor of resilience across both sexes. Maintaining a cognitively stimulating lifestyle can promote resilience to age and genetic risk-related EM decline by enhancing cognitive reserve (Lachman, Agrigoroaei, Murphy, & Tun, 2010) or plasticity (Runge et al., 2014) , compensating for low educational attainment (Lachman et al., 2010) , and reducing AD pathology in ɛ4 carriers (Wirth, Villeneuve, La Joie, Marks, & Jagust, 2014) . We found that more regular social visits (i.e., visiting family, friends, and neighbors) and volunteering more often were genetically robust predictors of resilience in women. In contrast, socializing less (i.e., less social visits and volunteering less often) was predictive of CLU-based memory resilience selectively for men. It is possible that non-resilient males required more assistance from family and friends due to their declining cognitive status. However, a recent study did not find any predictive value of social activity for combined-sex cognitive resilience to the ɛ4 allele in White adults (Kaup et al., 2015) ; there was an association between social activity and resilience in Black older adult APOE ɛ4 carriers. Altogether, these results support the importance of maintaining an active lifestyle for memory resilience. Like education, participation in lifestyle activities may protect against, or delay the onset of, neuropathological processes of AD genetic risk variants by increasing brain and cognitive reserve. Finally, current alcohol consumption predicted memory resilience in females with CLU risk. Although there is some evidence that moderate alcohol consumption can protect against cognitive decline in aging, controversy exists for this relationship and genotypic effects.
Six limitations are noted. First, we tested multiple predictor variables and some cell sizes were relatively small (e.g., 24). However, RFA is suitable for use in these circumstances (Strobl et al., 2009 ). The results are systematic and robust across two important genetic risk variants (APOE and CLU), suggesting stability and generalizability of the phenomenon of sex differences in memory resilience in nondemented but at-risk older adults. However, a stronger argument for consistency would require nonoverlapping risk groups (n = 27 women and n = 15 men carried an APOE ɛ4 allele and were CLU C homozygotes, which may have played a role in the similarity of results). Second, by design the participants were selected to be relatively healthy and cognitively normal. Although not representative of the full population, the present sample reflects a growing segment of older adults in developed or western countries. Broader sampling of aging adults could reveal additional contributors to prediction patterns. Furthermore, our participants were primarily White (non-Hispanic) adults; it is possible that sex effects in resilience may also differ by race. Data for testing a racially diverse population are not available in the VLS and the present participants have not converted to dementia. Third, predictors were tested at baseline. Although they predicted memory status as derived from both level and slope in memory performance, testing predictors at different time points could yield interesting results. Fourth, a third wave of EM was not available for all participants. However, these data were used only for classification and missing data were imputed using goldstandard techniques. Fifth, a permutation test to quantify if an importance was larger than expected by chance could have supported our interpretations. However, using the absolute value of the smallest observed importance score as a cut-off for importance rules out predictors that may have occurred by chance (Strobl et al., 2009) . Sixth, we focused on two genetic factors: (a) APOE (as the most prominent genetic risk variant for sporadic AD) and CLU (as a neurobiologically related AD risk variant). Future research may examine whether selection on the basis of other AD risk genes (e.g., TREM2) would produce similar results.
Among strengths, we note the focus on memory resilience, a cognitive indicator of significance in normal and impaired aging, as well as dementia. Moreover, we performed a novel classification of memory resilience by using both level and trajectories on a multi-indicator EM latent variable. Second, we used a large, well-characterized sample spanning a 40-year age range. Third, we employed contemporary statistical methods (including GMM and RFA) to effectively investigate our research goals.
In sum, this study shows that several AD risk factors (i.e., age, education, grip strength, and novel cognitive activity) predict memory resilience in both sexes but a greater number and wider breadth of factors applied only to women ( Figure S1 ). Predictor profiles were similar for two prominent AD risk variants. Memory resilience in older adults with AD genetic risk may be optimally promoted by multi-factorial interventions that target modifiable factors from a variety of relevant domains. Women carrying AD genetic risk may especially benefit from early interventions that target improvements in cardiovascular, respiratory, and mobility functions (such as aerobic physical activity). Men with AD genetic risk may also benefit most from combined interventions that target physical fitness, treatment of depressive symptoms, and everyday cognitive activities. We highlight the importance of integrating sex-specific differences in normal, impaired, and resilient brain and cognitive aging research. We speculate that such research may lead to sex-related precision targeting of modifiable risk factors for use as panels of risk-reduction practices to promote healthier brain aging.
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